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Abstract 
The paper describes water distribution network optimization procedures proposed for the Battle of Background Leakage 
Assessment for Water Networks (BBLAWN) competition. The tested optimization methodologies build upon research carried out 
in the earlier Battle of the Water Networks II (BWN-II), hosted in the Water Distribution System Analysis 2012 (WDSA 2012) 
conference. Two approaches were evaluated: a single-objective genetic algorithm and a multi-objective genetic algorithm, both 
taking advantage of a guided mutation scheme. Computations have been carried out in a Java version of EPANET aiming at 
increased computational efficiency, greater platform portability, and improved flexibility regarding optimization software. 
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1. Introduction 
1.1. Overview 
The paper describes a water distribution network optimization procedure proposed for the Battle of Background 
Leakage Assessment for Water Networks (BBLAWN) competition. This challenge addresses the problem of devising 
a design methodology for reducing water losses due to background leakages, being the proposed methodologies 
compared using the C-Town network as a basis. 
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Water distribution networks are complex dynamical systems, in most cases in a state of permanent mutation due to 
fluctuating demands, programmed operations, unanticipated hazards, aging, deterioration, renewal, redesign and 
expansion. Also, they are vulnerable and essential assets expected to meet consumption demands at nearly all times, 
inclusively under severe conditions such as fire or power shortages. Building, maintaining and expanding water 
distribution networks are generally costly activities and their optimization has been the aim of numerous researches 
for the past decades. 
To cope with this optimization problem, numerous alternative methodologies have been described in literature, 
ranging from the traditional engineering approach to linear and nonlinear programming [e.g. 1, 2, 3], genetic 
algorithms [e.g. 4, 5-8], particle swarm optimization [9, 10], simulated annealing [11], tabu search [12], shuffled 
complex evolution [13], ant colony optimization [14], shuffled frog leaping algorithms [15], harmony search [16] and 
others. Reviews on the subject are present in most of the cited contributions: Liong and Atiquzzaman [13] and 
Conceicao Cunha and Ribeiro [12] provide an historical perspective, Izquierdo et al. [9] elaborates further on the 
complexities of the problem and the usefulness of evolutionary approaches and Farmani et al. [5] study the 
optimization problem from a realistic multi-objective perspective.  
Recently, the Battle of the Water Networks II (BWN-II), hosted in the Water Distribution System Analysis 2012 
(WDSA 2012) conference [17], constituted a worthwhile benchmark of different approaches, evidencing that the use 
of a combination of heuristic engineering experience and sophisticated optimization algorithms can be beneficial when 
addressing complex real-world water distribution system design problems. 
1.2. Strategy 
The proposed optimization methodology builds upon research carried out in the scope of the earlier BWN-II [7]. It 
aims to address the challenge of redesigning the water distribution network of C-Town, notably accounting for the 
environmental impacts of water losses. In agreement with the rules of the competition, the methodology seeks to 
minimize operational, capital, and environmental costs while guaranteeing operational standards such as minimum 
pressures and reservoir operating levels. 
Even in a constrained problematic such as that of C-Town, the set of possible solutions for a redesigned water 
distribution network practically approaches infinity. Additionally, the solution space is non-convex by virtue of the 
dynamical nature of the network and, in some of its dimensions, bound to discrete sets; features that limit the efficiency 
and the choice of adequate optimization strategies. 
In the present contribution two approaches have been tested. The first consists of a genetic algorithm whose 
mutation is partially guided by heuristic rules. In order to compensate for a tendency towards sub-optimal solutions 
regarding investment, the mutation operator was designed to propose increasingly parsimonious solutions as the 
optimization unfolds. The second approach was carried out in a multiple-objective setting. The objectives to be 
achieved were the minimization of investment and of operational costs. A modified version of the Non-dominated 
Sorting Genetic Algorithm-II (NSGA-II) [18] was employed in order approximate the Pareto front, being the main 
adjustment made to the original algorithm associated, again, with mutation. 
The tested network states account for parallel pipes, replaced pipes, Pressure Reduction Valves (PRVs), new 
pumps, tank extensions, pipe closures and operation rules including pump “on” and “off” tank levels, Throttle Control 
Valve (TCV) “open” and “closed” tank levels, and PRV hourly settings. Prior to the implementation of any of the 
methodologies, the network underwent an engineering analysis in an effort to, through a correct representation of the 
possible network states, discard unfeasible solutions. Intending to avoid the coexistence of continuous and discrete 
variables within the solution space, the network’s states were fully coded in terms of discrete variables and, as such, 
the problem addressed herein is combinatory. 
Computations were carried out in a Java version of EPANET made available by the AWARE-P project, aiming at 
increased computational efficiency, greater platform portability, and improved flexibility regarding optimization 
software. When interfaced with Matlab, for example, this solution is not only cross-platform but also, because Java 
classes can be loaded and its objects and methods accessed directly from the optimization scripts, no writing to disk 
needs to take place, being all the procedure carried out in memory. 
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2. Methodology 
2.1. Representation of the design options and evaluation of the water distribution network’s performance 
The evolutionary approaches employed in this contribution represent design options by means of a vector, also 
denominated chromosome, being through the evolution of a population of chromosomes that the optimization is 
pursued. Once a chromosome is proposed, it is interpreted and translated into a modified water distribution network. 
Despite this being done by a routine which is mostly independent from the optimization algorithm itself, the fashion 
in which the chromosome is coded does have a significant impact on the final solutions. As much as possible, entries 
within the chromosome should be independent and combinations leading to poor solutions implicitly avoided. This 
was not entirely accomplished – naturally – regarding operation rules. Details on the composition of the chromosome 
can be found in Table 1. 
The BBLAWN challenge seeks to minimize annual costs while guaranteeing minimum operational standards. 
While the former are expressed in terms of their investment, operational and environmental penalty for water losses 
(2 €·m-3·year-1) components, the latter are enforced through minimum pressure thresholds (20 m for junctions with 
and 0 m for junctions without consumption) and additional requirements of no tanks being empty. In addition to this, 
at the end of the one week’s simulation, tanks should not display water levels below the initial ones (half-full). 
Since the three types of cost can be easily added, the problem can be framed in a single-objective approach if the 
minimum operational standards are also translated in €·yr-1. Doing so is not straightforward. If, on the one hand, 
operational standard violations are considered “cheap”, the algorithm can converge towards a compromise where they 
are tolerated; on the other hand, if they are considered too “expensive”, they alone will guide the optimization 
procedure and, in all likelihood, lead to exaggerated investment costs and suboptimal solutions. On another level, 
operational standard violation “costs” should be incremental so as to point the optimization algorithm in a good 
direction and valid solutions should be particularly benefitted. The proposed translation of operational standard 
violations into costs accounts for a stepped “cost” increase if the network does not meet minimum operational criteria, 
added to small “cost” increments for each violation that occurs. 
An alternative framing of the problem was attempted using multiple objectives. In this case, the minimizations of 
operational (including the environmental penalty) and investment costs were treated independently. In order to address 
the minimum operational standards, penalty “costs” were added to each objective as well. 
 Table 1. Details of chromosome composition. 
Coded element Number 
of entries 
Description Choice of values 
Replaced pipes 432 Entry corresponds to the pipe diameter 13 possible choices. 0 for no replacement 
and 1 to 12 representing allowed diameters. 
Parallel pipes 125 Entry corresponds to the pipe diameter 13 possible choices. 0 for no parallel pipe 
and 1 to 12 representing allowed diameters. 
Tank 
extensions 
7 Entry corresponds to additional tank volume  7 possible choices. 0 for no additional 




10 Entry corresponds to a given pump curve. Two pumps per 
group allowed. 
Limited choice of possibly adequate pump 
types following manual inspection. 
PRVs 30 Entry corresponds to the PRV maximum setting. Custom ranges according to manual 
inspection. 
Pump and TCV 
rules 
44 Two entry subtypes considered. One regarding “on” or 
“open” action and other associated with “off” or “closed” 
action. The value translates the volume percentage of the 
associated tank at which the action should take place.  
9 possible choices. Each half of the tank 
(depending on the type of action) is 
discretized in 5% volume intervals. 
PRV rules 30 Entry corresponds to a relative lowering of the PRV setting 
between 1 and 7 a.m. 
16 possible choices, discretized in 1 m 
setting drops. 
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2.2. Prior network analysis 
In order to reduce the complexity of the optimization problem the network was manually analyzed prior to the 
execution of the optimization. The results from this analysis were used in order to more efficiently code the 
chromosome. The aim of the contribution being, however, the development of evolutionary approaches, this prior step 
was kept as simple as possible. 
The preferential water routes, linking pump groups and reservoirs, where headlosses can lead to increased 
operational costs through higher energy consumptions were identified. Because these are roughly the pipes whose 
diameters are expected to be greater and, thus, whose replacement entails higher investments, they were selected as 
candidates to be reinforced with parallel pipes. Here, it would be easy to consider a headloss threshold below which 
the need for a parallel pipe would be discarded. Notwithstanding, owing to the underlying aim of the contribution, this 
was not carried out. 
Following, a second analysis targeted the selection of candidate zones to be isolated by means of PRVs. Taking 
into account minimum node pressures and maximum flows, areas of the network were sequentially isolated. Pipes 
whose closure would be needed in order for specific PRVs to be effective were associated to them. During the 
optimization, if a PRV is placed, the associated pipes are automatically closed. 
2.3. Guiding evolution 
Both single-objective genetic algorithms and the multi-objective NSGA-II mix and evolve chromosomes by means 
of crossover and mutation operators. In both implementations, a scattered crossover operator was adopted where each 
chromosome entry has equal chances of being inherited from either parent. The mutation operator – also shared among 
algorithms – is more elaborate. 
For every child, mutation occurs regarding only one type of coded element. The chances of any particular type of 
element being chosen for mutation change during the optimization but, in general terms, it is attempted that elements 
such as tank extensions, additional pumps, operational rules, or parallel pipes – which can greatly influence the type 
of solution – are made to vary more in the initial stages of the process. As the optimization unfolds, mutation chances 
gradually shift towards replacing pipes and installing PRVs, components that can lead to substantial cost differences 
but which do not radically affect the network’s behavior. 
After the type of element to be changed is identified, odds of each element in particular to be mutated are defined. 
While in the beginning of the optimization process nearly every element of a given type undergoes changes, towards 
the last iterations only 10% of them are subject to modifications. 
As indicated above, not every element needs to be added to a given network solution. In fact, an optimal solution 
will most likely be parsimonious regarding investment. As such, the chances of an element representing an 
intervention in the network to be withdrawn are also defined at the beginning of each iteration. Low in the beginning 
of the optimization process, promoting a broad search of the solution space, the base chances of an element not being 
included (in relation to the unchanged network) in the mutated chromosome gradually increase from 30% to 95%. 
Finally, if a certain element is selected and can be included in the mutated solution, two types of mutation can take 
place: uniform selection within the range of possible values or a Markov chain-type change. 
During the evaluation of the networks’ performances, information is retrieved not only in terms of costs, but also 
in terms of several other revealing indicators. Their information is used by the mutation operator in order to adapt 
mutation and inclusion chances for each element. Among the information used is the: 
x overall sum of pressure violations; 
x deviation from final target tank level (half of the tank’s capacity), by tank; 
x number of empty tank events, by tank; 
x accumulated leakage volume, by pipe; 
x upper quantile unit headloss, by pipe; 
x individual pump usage (total cost, efficiency, usage, etc.). 
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3. Summary of design results for the tested network 
The optimization was approximately carried out in the span of a week (including trial simulations and genetic 
algorithm operator improvement) using a Intel Core i7 2600 desktop with 8 GB of memory and an equivalently 
performing laptop. One of the computers was used to perform the single-optimization while the other handled the 
multiple-optimization runs. Both simulations were performed using populations of 120 chromosomes until 500 
generations were produced. 
The proposed network, derived through single optimization, is characterized by the addition of acknowledgeable 
additional tank capacity, the creation of pressure control zones affecting a significant share of the system, the 
placement of a significant number of parallel pipes. The overall estimated yearly costs of the solution are presented in 
Table 2. Associated with the reduction of water losses, a total of 12 PRVs was proposed following the configuration 
illustrated in Figure 1. Additionally, the replacement of 117 pipes was envisioned. Their distribution in the network 
and the histogram of the new diameters are presented in Figure 2. Finally, the installation of 86 parallel pipes, whose 
distribution and diameter histogram are shown in Figure 3, can be highlighted. 
     Table 2. Cost structure of the optimized network configuration. 
Type of cost Type of element Cost [€/yr] 
Investment Replacement pipes 131 430 
 Parallel pipes 184 866 
 Tanks 244 840 
 Pumps 7 920 
 PRVs 15 772 
Energy  201 658 
Water losses  1 585 508 
Total 2 356 204 
 
Fig. 1. Reduced pressure zones (highlighted in red color). 
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Fig. 2. Distribution of replaced pipes (pipes colored in gray not affected). 
 
Fig. 3. Distribution of parallel pipes (pipes colored in gray not affected). 
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4. Discussion of results 
4.1. Genetic algorithms 
The proposed genetic algorithm is both a simple and effective means of optimizing water distribution networks. 
Within the described framework, it can converge to satisfactory conclusion in less than a day’s processing time using 
a normal desktop computer. 
Though already incorporating a guided mutation operator which makes use of specific network indicators and 
implementing adaptive mutation rates, numerous opportunities for its improvement remain. Some of these are the 
customization of the crossover operator and the introduction of a between iterations operator which, through “hard” 
engineering criteria, performs enhancements on the population. 
It is believed that, for example, the investment in additional tank storage capacity (€ 244 840·yr-1) constitutes a 
high and likely unnecessary financial burden. The inability of the optimization algorithm to substitute these costs by 
a more advantageous combination of additional pumps, parallel pipes and adapted operation rules was a result of the 
prevailing influence of the minimum operation standards on the optimization, which makes it particularly vulnerable 
to get trapped in local minima. A more careful costing of operation standard violations or the implementation of an 
increasing “standard violation cost” function would likely lead to improved results. 
Additionally, the very high number of variables to be optimized (678) has proven to be challenging, as the 
inspection of Figure 2 and Figure 3 can demonstrate. In these figures, it is evidenced that there are a number of network 
locations for which relatively large diameter pipes have been proposed where there is manifestly no need for them. 
By the same token, at particular links there is a duplication of parallel and replaced pipes, which is hardly optimal. 
Such shortcomings evidence the inability of the proposed genetic algorithm to perform a thorough search of the 
solution space with a limited population of 120 chromosomes. In the future, they could be alleviated by the 
implementation of a greedy network pruning algorithm, a relevant increase in the population size or a more specific 
coding of the chromosome itself. 
4.2. Non-dominated Sorting Genetic Algorithm-II 
The NSGA-II algorithm attained appreciably worse performances than the single-objective GA. Albeit converging 
towards a satisfactory Pareto front spanned by the minimization of investment and operational costs, no solution along 
the final front approached the cost of the design achieved in the single-objective run. 
It is believed that the dispersion of chromosomes along the Pareto front, constituting a more challenging problem, 
contributes heavily to the difficulty of the NSGA-II algorithm to converge to competing solutions. It is likely that by 
considering larger populations this can be alleviated at the cost of increased optimization times. 
5. Conclusion 
The present contribution described a water distribution network optimization procedure proposed for the Battle of 
Background Leakage Assessment for Water Networks (BBLAWN) competition, addressing the problem of devising 
a design methodology for reducing water losses due to background leakages. 
Two that aim, two related guided genetic algorithms, handling single and multiple-objectives, have been proposed. 
In both approaches a tendency towards exaggerated investment costs was identified. In order to overcome this, 
mutation and crossover operators were explicitly coded in order to promote the search among solutions with fewer 
interventions. 
Satisfactory network designs – even if suboptimal – could be achieved automatically and effortlessly even for a 
network as complex as C-Town. They provide a sound basis for further automatic amelioration, refinements to be 
undertook by experts, or a combination of both. 
Seeking the development of a general, tractable and robust solution to the network’s optimization problem, the 
optimization algorithms were kept simple, being the coding of “hard” engineering criteria, as well as the application 
of “brute force” approaches to particular sub-problems avoided. 
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As future developments, envisaging further cost reductions, it is believed that complementing the evolutionary 
approach with customized direct search algorithms can be proven effective. 
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